ABSTRACT Activity recognition is important for taking care of patients and old men especially in e-Health. The activity recognition system without carrying any wearable devices is widely used in our daily life. Current methods employing uneconomical equipment or even dedicated devices lead to cost-inefficiency for large-scale deployments. This paper introduces R&P, a device-free activity recognition system only using cheap radio frequency identification devices (RFID) tags. Based on the analysis of RFID signals, we extract received signal strength fingerprints and phase fingerprints for each activity and synthesize these two kinds of fingerprints to accurately recognize activities. Moreover, we also modify the dynamic time warping (DTW) algorithm and propose T-DTW method to improve the recognition efficiency. We use commercial passive RFID hardware and verify R&Pin three different environments with different targets and six activities. The results demonstrate that our solution can recognize activities with an average accuracy of 87.9%.
I. INTRODUCTION A. MOTIVATION
How many times have you heard that an old man falls down suddenly at home but can't get timely treatment? Have you ever been troubled by taking care of your baby? E-Health exists to solve this kind of problems happening in our daily life. To protect elder people and children from some bad incidents, their action must be under constant supervision. So activity recognition is rare important, which is also the core of e-Health. Many industries are finding solutions to this problem. Device-based activity recognition methods require people to carry the wearable devices all the time, which is unpractical. Device-free solutions play important roles in many applications, such as child care [1] , smart home [2] , intrusion detection [3] , etc. The traditional approaches for activity sensing mainly rely on cameras [4] , but the camera will be an invasion of privacy. In recent years, various technologies have been used in the activity recognition such as visible light [5] , acoustic signal [6] and RF (radio frequency) [7] , [8] . However, visible light solutions need to modify hardware and require much human effort. The approaches using acoustic signals can only be used in a short range and the signals are easily influenced by other audio signals.
Recently, researchers also pay attention to employing infrared device [9] , radars [10] and RF-based devices. But the infrared equipment and radar employ the expensive equipment, leading to a high cost. Moreover, RF-based devices are not economical for large-scale deployments. On the contrary, R&Putilizes cheap RFID (Radio Frequency Identification Devices) tags (5∼10 cent). Meanwhile, a number of RFID tags are deployed in various places such as airports, libraries, warehouses and chemist's shops, thus we can reuse these tags for activity recognition. Current methods using RFID tags have only used RSS or phase signals and cannot achieve a satisfying recognition accuracy.
B. OUR METHOD
In this paper, we propose R&P, a low-cost device-free activity recognition scheme only using COTS (Commercial Off-TheShelf) RFIDs. R&Pputs forward a weight assessment method which combines the RSS values with phase values for accurately recognizing activities. Unlike previous activity sensing solutions using DTW (Dynamic Time Warping) algorithm, we propose a low-complexity matching algorithm (T-DTW) and improve the computation efficiency. Fig. 1 shows communication mechanism of RFID system. 
C. KEY TECHNOLOGIES
Passive RFID hardware provides us with RSS (Received Signal Strength) value and phase value directly. Whereas, RSS variation and phase change because of the environment noise fluctuation under different environments. Thus, it is very difficult to remove the noise from the RSS and phase readings. By analysing the source of the noise, we apply different approaches to remove the RSS and phase value respectively. For the RSS noise, we employ D-Gaussian algorithm to remove the mean level environmental interference [11] - [13] . For the phase noise, stein unbiased risk estimate algorithm [14] is utilized to dynamically remove the environment noise.
The same activity can be performed in different speeds, leading to different RSS fingerprints and phase fingerprints with different length because of different duration time.
To solve this problem, we apply the Dynamic Time Warping (DTW) [15] , [16] method, which is originally employed in speech recognition field [15] to address different speech speed. What's more, in order to decrease the computation complexity, we modified the DTW algorithm and propose T-DTW, which reduced the matching time by 60%. Furthermore, we combine both RSS and phase values by establishing a weight assessment method to accurately recognize each activity. The result of the combination is better than either RSS-based or phase-based activity recognition.
We test R&Punder three different environments: a broad hall, an office and a book bar. R&Pcan achieve a recognition accuracy of about 93%, and even in the experiment of different performing speed, R&Pcan still achieve a recognition accuracy of 86% for all the volunteers while the training set is tested with a volunteer. Therefore, the results demonstrate the effectiveness of R&P.
Contributions:
The R&Pmakes the following contributions:
• R&Pbrings a new idea for device-free activity recognition by designing a weight assessment method which combines RSS values with the phase values to accurately sense activities.
• R&Poptimizes DTW algorithm and proposes T-DTW algorithm by setting the global path limit to reduce the information redundancy. Finally, the computation complexity is decreased by 60%.
• We test R&Punder different environments and the result shows the effectiveness of our design with an average recognition accuracy of 87.9% or so.
II. BACKGROUND
RFID (Radio-Frequency Identification) is a small electronic device which consists of a small chip. Its common operating frequency channels are low frequency, high frequency, ultra high frequency and microwave. In our system, we use UHF(ultra-high-frequency) RFID, which returns the information to the receiving device through the backscatter communication mechanism after receiving the RF signal. The information reflected by the tag is read by the RFID reader (Impinj R420). The reader can receive lots of information including RSS(Received Signal Strength), RF (radio frequency) Phase, and Tag Read Rate, among which we need RSS and RF phase only.
A. RFID COMMUNICATION MECHANISM
As is shown in Fig. 1 , the reader communicates with RFID tag by the antenna. The RFID tag and the reader achieve the RF signal space non-contact coupling through the coupling element. In the coupling channel, we achieve energy transfer and data exchange based on the time sequence. The signal power that reader receives is :
where P D is the antenna input transmits power, and G g is the antenna gain. γ is the carrier wavelength and σ stands for the tag radar cross section. D is the distance between the antenna and the tags.
B. RSS
Projectivity, scattering, reflection and other phenomena will come up in the process of propagating the wireless signal [17] , such as RSS (Received Signal Strength) [18] , [19] . As a result, the signal will be divided into multiple signals, with each path signal having its own amplitude, phase and delay. The signal received by the reader at some point is one superimposed by different path signals, which can be expressed as:
where F i is the amplitude of the i-th communication path signal, and φ i is the phase of the i-th communication path signal. M is a signal that receives a total of M communication paths, and then the received RSS value of the signal can be calculated by:
C. RF PHASE
As for RF carrier wave in the frequency f (Hz), the wavelength can be given by:
where c is the speed of light which is equal to 3 × 10 8 m/s. From the equation 1, we can easily find the distance traversed by the signal is 2D. While the reader receives the phase signal, It will be affected by several aspects besides the distance and produce some phase offset. θ J , θ S and θ T represent the phase jump caused by the reader antenna transmission circuit, receiver circuit and the tag's reflection characteristic. The phase rotation can be finally calculated by:
Then the phase value can be given by:
III. SYSTEM OVERVIEW
In this section, we are going to introduce the flow path of R&Pincluding three main steps: RSS and Phase Denoising, Feature Extraction, Activity Identifying. The conceptual diagram is shown in Fig. 2 . 
A. RSS AND PHASE DENOISING
The value of RSS and phase can be given directly by passive RFID devices. Nevertheless, due to mechanical noise and environmental noise, the signal is so noisy that we cannot use them directly. So we reduce the noise separately, and get the relatively accurate RSS and phase for the next part then. The detail of how to reduce the noise will be described in Section IV.
B. FEATURE MATCHING
Based on a key assumption, there is a short gap between two different activities. We detect the transition gap to segment each activity and then recognize activities by comparing the fingerprints that we already have. We employ DTW (Dynamic Time Warping) [15] , [16] algorithm to match the two same activities in different speeds and directions. For each activity, we would acquire two results, one is based on the change of the RSS, the other is based on the variation of phase. Additionally, we combine the DTW algorithm with several constraint condition to descend the match time. The detail is shown in Section V.
C. ACTIVITY IDENTIFICATION
In this section, we establish the weight evaluation system to evaluate the accuracy of R&P comprehensively. In order to meet the needs of our method, we employ the entropy weight method whose basic idea is to confirm the objective weight according to the changes of the index. This method includes three main stages: Data standardization, Calculating the information entropy of each index, and Determining the weight of each index. Section VI will introduce each part of the method detailedly.
IV. NOISE REDUCTION
In this section, we introduce methods of getting clean RSS and phase value. To remove the noise most effectively, we use different denoising methods for different signal noises. This section has two main parts, including denoising the RSS value and denoising the phase value.
A. DENOISING THE RSS VALUE
Limited by the adaptive capacity, thus, the RSS can be easily affected by the complex environment [20] and result in the mean level interference. To remove this noise, we use the algorithm called D-Gaussian [12] which is described as follow:
where x is an undetermined coefficient and y 0 stands for a random component. The value we measured is deflected near a constant value. d is the distance between the antenna and the tags. We first collect sufficient data to build a sample space, then calculate the average and standard deviation α of RSS in each distance. Finally we calculate the deviation and compare it with the standard deviation to reduce the useless data. q in equation 7 obeys Gaussian distribution:
Other values can be calculated by:
where S i is the i-th signal strength, n is the sample number. ζ stands for the critical value. As is shown in Fig. 3 , most of the noises have been removed after denoising. From the denoising signal, we can easily find that where the fluctuation changes, obviously people's activity affects the signal.
B. DENOISING THE PHASE VALUE
The RF phase values always contain noise for two main reasons: the first one is that the signal will be absorbed or VOLUME 6, 2018 FIGURE 3. RSS measurement before/after denoising. scattered during its propagation process, and the other one is that the signal will impact with each other. To reduce the phase noise, we use a deniosing method based on the stein unbiased risk estimate [14] . It is an adaptive threshold selection denoising method of the quadratic equation principle. According to the equation:
where η is a given threshold, and ξ is the estimated noise level. After getting η, we calculate the likelihood estimation of η as following:
Y is a subject to the measured value of the probability distribution, L stands for a likelihood function about η. The finally threshold can be calculated by:
where A is an indicator function and N k is the k-th derivative of the original function. As is shown in Fig. 4 , the signal's characteristics are shown up obviously after denoising. 
V. FEATURE MATCHING
In this section, we introduce the way to match the feature of the activities by improving DTW algorithm. DTW mainly deals with the problem arising from the same activity of different speeds and directions. As each dataset is so big that we need to spend a lot of time matching the features, we improve the algorithm by adding several limiting conditions. Finally, we decrease the match time by 60 %.
A. DYNAMIC TIME WARPING DTW(Dynamic Time Warping) algorithm is based on the method of DP (dynamic programming). It can calculate the similarity between two different lengths of the data, and it can also adjust the differences in time.
We use the ges m = ges 1 , ges 2 , . . . , ges m , (1 < m < i) as a gesture database (the size is i). rec n = rec 1 , rec 2 , . . . , rec n , 1 < n < j stands for the data which needs to be recognized (j is the size of the data,i = j). Then put the data on the coordinate axis. The data from the gesture database is shown on ordinate and the received data is shown on abscissa. We calculate every distance between ges m and rec n :
Based on the shortest path selection constraint, the total distance is :
Calculate all the matching distance D DS , the minimum D DS corresponding with the gesture is the final identify gesture.
B. T-DTW
Although the DTW algorithm is simple and convenient, the amount of calculation is huge especially when the database increases rapidly. In order to fix this problem, we promote the algorithm to T-DTW.
1) SET THE GLOBAL PATH LIMIT
In our method, we keep the slope constraint k between the range of 1 2 ∼ 2 so that we only need to compare a part of the global path. The dynamic routing can be representative as:
As is shown in Fig. 5 . From the equation. 14, we can acquire a linear programming equation set:
Equation 15 reduces the original path to 1 3 , and improve the recognition speed.
2) REDUCE THE USELESS INFORMATION REDUNDANCY
Based on a key assumption, there will always be a gap between successive activities. We detect the slight gap then step over it during the processing procedure. So we can save a lot of computational overhead.
We use Rssf 1 = {r 1 , r 2 , r 3 , . . . , r m } to represent an activity fingerprint, and Rssf 2 = {s 1 , s 2 , s 3 , . . . , r n }, (m = n) is a series of activity data. We put the data on the coordinate and represent the coordinate by Rssf then calculate the distance between each adjoin. As is shown in Fig. 6 . After that, we calculate the distance between two components with:
where d(m,n) stands for the distance between (m-1, n) or (m, n-1) to (m, n) and 2d(m, n) stands for the distance between (m-1, n-1) to (m, n).
When we obtain M match , we choose the shortest way then calculate its distance. That is the final matching result of RSSf 1 and RSSf 2 . The phase matching can be calculated in the same way.
VI. ACTIVITY IDENTIFICATION
In this section, we establish a weight assessment [21] to evaluate the result obtained from Section V. It uses several indexes to be explained in Section. VI-A to adjust the finally result. Based on the assessment result, we can get people's activity. The result we required is reliable after retesting it in different environments.
A. DATA STANDARDIZATION
Considering R&Pcontains two major components: one is based on RSS value, the other is based on RF phase value, we set up several indexes(F k ) to value the recognition result including: recognition accuracyF 1 , the size of the identified region F 2 , the original set of data F 3 and so on.
As the dimension and magnitude of these indexes are different, we use the following equation to standardize each index:
B. CALCULATING THE INFORMATION ENTROPY OF EACH INDEX
Information entropy means the indeterminacy degree of information source. We use Q j stands for the information entropy, then it can be given by:
where P(i) is the probability of the i-th data from the information source.
C. DETERMINING THE WEIGHT OF EACH INDEX
Based on the equation 18, we can get the information entropy of each index Q = {Q 1 , Q 1 , . . . , Q k }. Then the weigth can be calculated by:
From the equation, we can easily find that the more degree of the information entropy, the less value of the index, and the less proportion of the weight.
D. ACTIVITY MATCHING
Finally, we gather the weight of RSS and Phase with: 
VII. IMPLEMENTATION AND EVALUATION
In this section, we portray the prototype implementation and performance evaluation by carrying out a series of experiments. These experiments are conducted in two aspects: First, we study the creation and detection of six different activities. Second, we conduct some comprehensive experiments to evaluate the robustness and efficiency of our method.
A. IMPLEMENTATION 1) HARDWARE CONFIGURATION
We implement the prototype on off-the-shelf RFID devices, including reader, antenna and RFID tags. The Reader is Impinj R420, whose frequency is 924.375MHz and bandwidth is 231.25KHz. Meanwhile, we set the reader to work in the read mode of ''DenseReaderM8'' which is the maximum SNR (Signal Noise Ratio) to detect RSS and Phase value. The antenna is omnidirectional which can detect the change of any direction. The cheap RFID tags own unique electronic code. When these experiments have been completed, we use a digital camera to picture the real scene.
2) DEFAULT DEPLOYMENT SET
In the experiment, we conduct our experiment in a hall of our laboratory building with a size of about 7m × 9m, where there is no barrier except for walls. As is shown in Fig. 7 , tags arrays are placed at the monitoring area with a height of 1.05m. what's more, only one antenna is deployed at two opposite sides of the tags array. The distance between each antenna and tag array is about 3.5m, and each tag is 0.6m apart. A reader is deployed at the place which is 0.5m apart from antenna. Finally, we get the reference fingerprints in default deployment. 
B. EFFECTIVENESS VALIDATION
In this part, we will testify the effectiveness of RSS and phase value by various experiments. To start with, we conduct the validation experiment in three especial indoor scenarios with the entirely same default deployments.
1) a 7m × 9m hall in our laboratory building, as shown in Fig. 7; 2) a square office which has an area of 16m 2 as shown in Fig. 8; 3) the book bar where we choose an area of 4m × 6m, as shown in Fig. 9 ; Then, for each scenario, we select the same volunteer to perform different actions at least 5 times to decrease the error. The training time is showed in Table. 1. Considering the interval between two consecutive activities, we separate all continuous activities to decrease the complexity of dealing with data. We use an activity common part of estimated duration and actual duration to assess segmentation accuracy. Of course, we will ensure the high accuracy in most degree. Finally, we analyse the accuracy of recognition. As is shown in Fig. 10 , we obtain the accuracy of RSS and phase is between 79% and 89%. Obviously, we observed that the accuracy of the hall is higher than others. The main reason for this is that the hall is broad excessively and has no obstructions. Meanwhile, the accuracy of running which is about 89% is obviously higher than other activities, contrastingly, the accuracy of no activity is only 79% and wave lightly is 83%. So, we can get the following result that the speed of the activity has an increasing effect on the accuracy. The larger the speed is, the higher the segmentation accuracy is. In a word, the average accuracy is high for other types activity. The final results show the robustness of segmentation accuracy. 
1) ACTIVITY RECOGNITION ACCURACY
In order to assess the accuracy of the activity recognition, we use two indexes as follows:
One is the true positive rate, we write it as TPR for short, which is the rate of the activity which is correctly identified. That is to say, the odds of the recognized correctly in the proportion of the total activities. The other is the false positive rate, similarly which we denoted FPR. It is the rate of the activity which is misjudged, such as, activity A is judged as B, using the addition of all this situation to divide all total activities.
We use TPR and FPR to evaluate the stationarity of our experiment in three different scenarios. We build confusion matrix which includes all activities to show the matching degree. As is shown in Fig. 13 , in the confusion matrix, the column and the row respectively stand for the recognized and the actual activity.
What's more, we show the robustness of our theory as follows. As is shown in Fig. 11 and Fig. 12 . The TPR of the six activities in three environments is between 81% and 89%, while the FPR is less than 15%, we can notice that there is little fluctuate about the value of TPR and FPR. So, It's reasonable to say our method is suitable in different environments and own a high accuracy. 
C. EVALUATION UNDER DIFFERENT PARAMETERS 1) IMPACT OF OBJECTS VARIETY
In order to test the influence of people with different height and weight for the activities recognition, we randomly select seven volunteers, whose height is between 1.55m ∼ 1.80 m, and weight is between 45kg ∼ 65 kg. We make seven volunteers perform the same activity in the default environment, as is shown in Fig. 15 . In this case, we see that the average TPR reaches 85%, and the average FPR is not more than 12%. Therefore, we conclude that human diversity has little impact on the accuracy of the activity recognition.
2) IMPACT OF QUANTITY OF TAGS
When determining the effect of the tag number on activity recognition accuracy, we selected a large range of the tag numbers. In the default environment we make 8 group contrast experiments, the number of tags is 2, 4, 6, 8, 11, 13, 16, 20 respectively. The result is shown in Figure. 16. When we increase tag numbers, its accuracy improves. The accuracy is largest when the tag number is between 6 ∼ 8, while tag numbers are increased constantly, the accuracy decreases obviously. The possible reason is the disturbance between different tags. So, choosing a suitable number of the tag is the key to attaining success in the experiment.
3) IMPACT OF MOVING STRENGTH
In the experiments, we found that swing lightly and swing stretch have two cases for the accuracy of activity recognition, but the activity place is the same while only the strength is different. So we guess that the strength of activity may have influence on the accuracy of activity recognition. In order to verify the hypothesis, we set up in small, medium, big strength, under the three groups of experiments, as is shown in Fig. 17 . We can clearly see that with the augmentation of the activity strength, the value of TPR is increasing and FPR is declining. In summary, the large strength activities can significantly improve recognition accuracy.
4) IMPACT OF DISTANCE BETWEEN ANTENNA AND TAGS
In the same experimental conditions, we set up experiments with different distance between antennas and tags. The distance is 0.5, 1.5, 2, 2.5, 3, 3.5, 4, 5, 5.5, 6 m respectively. The result is shown in Figure. 14. We can see clearly that when the communication distance is equal to 2.5m, the activity identification accuracy is maximal and the maximum is 90%. When the distance is less than 2.5m or larger than 2.5m, the accuracy have fallen. So, choosing a suitable distance can improve the accuracy of activity recognition.
VIII. RELATED WORK
Existing technology on human activity recognition includes three categories: Specialized Hardware Based, RSS based and CSI based.
A. SPECIALIZED HARDWARE BASED
Working on activity recognition system adopts various techniques such as cameras [4] , infrared device [9] , radars [22] , [23] , or ultrasonic [6] , [24] . Whereas, there are a host of limitations in these methods. Such as using expensive equipment [25] , [26] , requiring lighting [27] - [30] , sensitivity to line-of-sight communication or short detective range [24] . Xbox Kinect [31] uses RGB hybrid cameras to recognize activities. WiSee [32] uses the USRP to measure the different signals caused by different activities. WiHear [33] uses a special directional antenna to acquire signals changes caused by lip movements. Some of them are device-based, which require targets to wear extra wearable equipment.
B. RSS BASED
RSS based recognition [34] - [37] mainly uses the changes in wireless signals which is caused by people's activities. In some degree, it can only recognize this small scale activities like gestures, when RSS come into the condition where activity has a broad range, they are unavailable, especially for running, walking. And the method based on RSS can only recognize the activity with a low accuracy [37] of about 56% ∼ 72%, which exploited the fluctuation in the time sequence of the strength of received signal, this approach is simplex and unpractical to attain the character of signals and even recognize the specified activity. In concrete scenarios, it is difficult for accurate results. In addition, in order to improve the accuracy, some methods need to use software radio [36] , which require to detect the relevant activities from RF-channel measurements and also to do this with passive activity and passive DFAR systems, however, in supermarket and other crowd areas, the theory is not convenient excessively, so we can not popularize it.
C. CSI BASED CSI (Channel State Information) based [7] , [8] , [32] , [33] , [38] - [40] approaches can achieve a higher accuracy but it needs to deploy equipment densely, or their accuracy can't be improved. Dense equipment means high cost. For example, E-eyes equip the WiFi devices in every room for high accuracy and establish fingerprints with CSI histogram [8] .
R&Puses the RSS and phase to complement the limits of those based only on RSS or phase, in comparison, our method has a satisfactory accuracy and lower cost, it can be deployed in larger scale.
IX. CONCLUSION
In this paper, we make two main contributions. First, we put forward the RSS-Phase model, which is a robust activity recognition method using cheap passive RFID device, whose accuracy is obviously increased comparing to traditional methods using only RSS or Phase. Second, we improve the existing DTW algorithm and propose T-DTW algorithm to do the matching, which have a higher computational efficiency. In the experiment, we found that the accuracy of 87.9% on average is in three different environments, demonstrating the validity and robustness of our method. 
